Abstract The phenotypes of biological systems are to some extent robust to genotypic changes. Such robustness exists on multiple levels of biological organization. We analyzed this robustness for two categories of amino acids in proteins. Specifically, we studied the codons of amino acids that bind or do not bind small molecular ligands. We asked to what extent codon changes caused by mutation or mistranslation may affect physicochemical amino acid properties or protein folding. We found that the codons of ligand-binding amino acids are on average more robust than those of non-binding amino acids. Because mistranslation is usually more frequent than mutation, we speculate that selection for error mitigation at the translational level stands behind this phenomenon. Our observations suggest that natural selection can affect the robustness of very small units of biological organization.
Introduction
Two computational approaches to characterize functionally important amino acids of a protein are widespread. The first focuses on the accessible surface area, which describes the accessibility of an amino acid by the solvent surrounding a protein (Lee and Richards 1971) . Amino acids that are involved in binding ligands commonly occur in large and deep clefts on a protein's surface with low accessible surface area, which may help to increase the specificity and stability of binding (Bartlett et al. 2002; Laskowski et al. 1996) . The analysis of solvent accessibility requires detailed knowledge of ligand binding sites, which is limited to proteins with known ligand-bound structures. The second approach uses evolutionary conservation of amino acids (Capra et al. 2009; Lichtarge and Sowa 2002) . For example, amino acids in catalytic sites of enzymes are more conserved on average (Bartlett et al. 2002) . However, because evolutionary conservation is influenced by multiple factors, such as the divergence time between orthologs, the background rate of amino acid substitutions, and mutational biases (Sasidharan and Chothia 2007) , information on conservation alone is not enough to characterize functional sites. Many studies thus combine these two approaches to improve the characterization of binding sites (Bartlett et al. 2002; Capra et al. 2009 ). Here we suggest a third, complementary approach that may help characterize specifically those amino acids that bind ligands. It focuses on their robustness to mutation or mistranslation. Because such amino acids are especially important for the function of a protein, they can be subject to selection increasing their robustness relative to nonligand-binding amino acids.
Biological systems on multiple levels of organization are to some extent robust to genetic or environmental change. Examples include the genetic code of extant organisms, which is more robust to nucleotide changes than the vast majority of hypothetical alternative codes (Freeland and Hurst 1998); proteins, which can continue to function when many of their amino acids are mutated (Bowie et al. 1990; Guo et al. 2004; Huang et al. 1996; Loeb et al. 1989; Markiewicz et al. 1994; Suckow et al. 1996) ; gene regulatory circuits, whose phenotypes are to some extent robust to changes in regulatory interactions (Von Dassow and Odell 2002; Ingolia 2004; Isalan et al. 2005 Isalan et al. , 2008 Li et al. 2006) ; and genome-scale metabolic networks, which can tolerate deletions of multiple enzymecoding genes without detectable phenotypic effects in standard laboratory environments (Hillenmeyer et al. 2008) . Such robustness may reflect intrinsic system properties that may not have been shaped by natural selection. Alternatively, it may be the result of evolutionary adaptation, either to ameliorate the detrimental effects of DNA mutations, of environmental change, or of both.
Among the four principal ways in which random change in a codon can occur-DNA mutation, mistranscription, mRNA alteration, and mistranslation-we focus on mutation and the mistranslation of mRNA, which are welldocumented and probably most frequent. Such mistranslation occurs when a ribosome incorporates incorrect amino acids when synthesizing a protein from an mRNA template. There are at least three non-exclusive classes of evolutionary mechanisms by which the cost of mistranslation can be minimized. The first is selection of translational accuracy. Akashi (1994) suggested that such selection causes genes or specific sites in genes to be encoded by codons that correspond to abundant tRNAs. Such high fidelity codons have higher chances of being accurately translated. The second is selection of translational robustness, which has been proposed by Wilke (2008, 2006) . According to these authors, proteins (and especially highly expressed proteins) show evolved tolerance in their fold to missense translational errors (Zhou et al. 2009 ). The third involves error mitigation. Among those synonymous codons that encode the same amino acid, some are more robust to changes in individual nucleotides than others. That is, even though a random change in a robust codon may change the encoded amino acid, the new amino acid has, on average, similar physicochemical properties or does not perturb protein folding strongly Archetti (2006 Archetti ( , 2004 . In error mitigation, codons that are likely to be mistranslated into radically different amino acids are avoided. Previous studies (Archetti 2004; Najafabadi et al. 2007) showed that amino acids in eukaryotic and prokaryotic proteins are often encoded by codons whose mistranslation leads to the substitution of amino acids with limited deleterious effects. The most important of these three causes for our work is error mitigation.
Here we ask whether selection helps shape the codon usage of ligand-binding amino acids.
To this end, we analyze the robustness of codons to mutation or mistranslation for two classes of codons in a protein, that is, codons that encode amino acids which are or are not involved in the binding of a small molecular ligand. We use an estimator of robustness that incorporates the likely effects of an amino acid change on the physicochemical properties of an amino acid, and on protein folding. Our analysis shows that ligand-binding amino acids are on average more robust to mutation or mistranslation than non-binding amino acids, which is consistent with selection pressure for error mitigation.
Methods
We use a codon robustness score u(c) derived from the weighted average load function of Ardell (1998) . This score aims to capture the predicted effect that a particular amino acid change has on the folding free energy of a protein and on physicochemical amino acid properties. Specifically,
where summation is applied over all nine 1-mutant neighbors of a codon c. In this expression, p(c'|c) is the probability of changing a codon c for another codon c', which is computed by multiplying the position-specific transition-transversion bias of mistranslations with the relative mistranslation frequency of a given nucleotide position. g a c ð Þ; a c 0 À Á Â Ã is the physicochemical effect or ''cost'' of substituting the amino acid encoded by codon c, a(c), with that encoded by codon c', a(c'). We used the mutation matrix generated by Gilis and colleagues (2001) , to calculate the cost of such an amino acid change (see Online Resource 1a for the matrix). This matrix uses information on changes in folding free energy and physiochemical properties of amino acid features, such as hydrophobicity, after an amino acid change. We note that the use of different substitution matrices would not strongly affect codon robustness scores (Najafabadi et al. 2005) .
To give an example of how we calculated robustness scores, consider the codon tta that encodes leucine. It has nine 1-mutant neighbors, one of them being tca. Mistranslation from tta to tca corresponds to a transition at a nucleotide in the second position of a codon. With a relative mistranslation frequency of second position nucleotides of 0.1 and a transition transversion bias at second position nucleotides of 5, we computed a value of p(tca|tta) = 0.5, by multiplying these numbers. Because tca encodes serine, we multiply this value by -1, which is the cost of mutation from leucine to serine based on the mutation matrix. We perform an exactly analogous calculation for all other 1-mutant neighbors of tta to arrive at u tta ð Þ. We then normalize this score by dividing it by the mean codon robustness of all leucine-encoding codons to eliminate the possible effects of amino acid biases. Finally, we normalize the scores of all codons to the interval (0,1). The resulting scores are shown in Online Resource 2.
We used proteins in our analysis (Online Resource 3) that (i) have a reviewed (non-putative) 3D structure deposited in the protein data bank (PDB) (Bourne et al. 2004 ), (ii) exert their biological function as monomers, and (iii) bind to one of the small ligands in Online Resource 4. Binding to large molecules, such as other proteins, RNA and DNA involve highly divergent interaction types, and large interface areas, which might decrease functional importance of amino acids that contact a molecule (Lichtarge and Sowa 2002). As Clackson and Wells (1995) showed, only a fraction of those residues actually contribute to binding. We therefore excluded those larger molecules. From this data set, we eliminated proteins that bind to multiple ligands, as well as proteins with more than 90 % sequence identity to other proteins, thus arriving at a final data set of 275 proteins. We extracted a protein's coding exons by aligning the encoding gene (obtained from NCBI (Benson et al. 2004) ) and the amino acid sequence (Bourne et al. 2004 ) with the tool Exonerate (Slater and Birney 2005) .
Results and Discussion
We subdivided all amino acids of the proteins in our data set into two categories, those not involved in the binding of small ligands, and those involved in the binding of small ligands, which we defined to be lying within a 5 Å ngstrom radius of a ligand in the published tertiary structure. We then computed the robustness scores of codons using a wide range of mistranslation parameters. We varied two key parameters at each nucleotide position, the transitiontransversion bias for which we used five different values between one and five, and the mistranslation frequency, for which we used ten different values between 0.1 and 1. We then asked for each of 50 different parameter combinations whether robustness scores encoding the binding and the non-binding amino acids differ. We found that codons encoding ligand-binding amino acids are significantly more robust in all cases, with either the same or very similar P values (greatest P \ 10 -30 , smallest P \ 10 -36 , Wilcoxon Rank Sum test used throughout, unless otherwise mentioned). For the sake of simplicity, we thus used one particular parameter combination for all subsequent analyses, which is that of Freeland and Hurst (1998, see Online Resource 1b) . Even though it may not be universally accurate (Kramer et al. 2010) , it has also been employed by several other studies similar to ours and on a wide range of organisms (Archetti 2004 (Archetti , 2006 Drummond and Wilke 2008; Najafabadi et al. 2007) . Figure 1a indicates the distribution of robustness scores based on these mistranslation biases (P \ 10 -35 , thick horizontal lines indicate medians). We then repeated our analysis using an estimator of codon robustness by Archetti, which takes only the physicochemical effects of changed amino acids into account (Clackson and Wells 1995) , but not the likely effect on protein misfolding, as does our estimator. Again, ligandbinding amino acids are significantly more robust when using this estimator (P \ 10 -8 ). We also compared the Z-statistic, which is the standardized value of U, the Wilcoxon ranked sum statistic. For large samples like ours, U is normally distributed (Rice 1995) , and thus Z follows a standard-normal (N(0,1) ) distribution. We found that the Z-statistic is much greater for our own robustness estimator (Z = 12.38) than for Archetti's estimator (Z = 3.77). This means that taking effects on misfolding into account, binding and non-binding amino acids differ to a much greater extent in their robustness.
We next compared differences in codon robustness to differences between more conventional indicators of functionally important binding amino acids. The first of them is the accessible surface area. We obtained the accessible surface area scores of each amino acid from (Kabsch and Sander 1983) and normalized them, so that they range between 0 and 1. As previous studies did (Bartlett et al. 2002; Laskowski et al. 1996) , we found that ligand-binding amino acids indeed have significantly smaller accessible surface area (P \ 10 -27 ) (Fig. 1b) . The difference becomes more significant (P \ 10 -300 ), when we remove the residues in the hydrophobic core, that is the residues with normalized accessible surface area values less than 0.25 from the analysis.
The second indicator is the extent of evolutionary conservation. We compared amino acid conservation scores (obtained from (Goldenberg et al. 2009 )) for ligand-binding and non-binding amino acids in our data set. In line with previous studies (Bartlett et al. 2002; Capra et al. 2009 ), we found that the binding amino acids are significantly more conserved (P \ 10 -258 ) (Fig. 1c) . We next asked whether codon robustness discriminates to a similar extent between binding and non-binding amino acids as do these two quantities. To this end, we examined again the Z-statistic of the Wilcoxon test, and found that evolutionary conservation differs most between binding and non-binding amino acids (Z = 34.35), the accessible surface area differs least (Z = 10.89) and codon robustness lies in between them (Z = 12.38). These observations suggest that robustness, while not as informative as evolutionary conservation, may have similar value as accessible surface area to characterize functionally important amino acids. Finally, we calculated the association of codon robustness with the other two indicators, and found that neither accessible surface area (r 2 = 0.15, P \ 10 -300
) nor evolutionary conservation (r 2 = -0.06, P \ 10
) are strongly correlated with robustness. These weak correlations suggest that robustness is complementary to the two other two quantities in characterizing ligand-binding amino acids.
We next asked whether different genes also differ in the robustness scores of the ligand-binding amino acids they encode. To this end, we ranked proteins according to the mean robustness score and displayed the corresponding data as a rank plot (Fig. 2a) . Specifically, the plot shows the rank-ordered codon robustness scores of ligand-binding amino acids (orange dots), together with the robustness of the non-binding amino acids (grey dots). For 63 percent or 173 proteins, the mean codon robustness of the binding amino acids was greater than the mean codon robustness of the non-binding amino acids, where the mean is taken over all non-binding amino acids in all proteins. A minority of 37 percent of proteins had a lower robustness of binding amino acids than those of non-binding amino acids. To investigate these differences in robustness further, we focused on two classes of proteins, the 28 proteins in the bottom 10th-percentile (blue shading in Fig. 2a) , and the 28 proteins in the top 10th-percentile (pink shading in Fig. 2a) . We refer to them as the proteins with the lowest and highest robustness of ligand-binding amino acids.
We first asked whether the genes encoding these two classes of proteins differ substantially in their expression. To this end, we used a gene expression data set (Brawand et al. 2011 ) from six humans and five different organs (brain, heart, kidney, liver and testis), obtained through high throughput RNA sequencing (RNA seq). The genes in the highest robustness category did not show significantly higher expression when we analyzed pooled data from all organs, nor when we analyzed data from four of the five organs. The only exception were expression data from the brain, where these proteins were significantly more highly expressed (P = 0.029) (Fig. 2b) . Although the signal becomes insignificant after a correction for false discovery rate (FDR, Benjamini and Hochberg 1995) , this pattern is consistent with an earlier analysis (Drummond and Wilke 2008) , which showed that selection for translationally robust codons is strongest in brain and other neural tissues. The likely reason is the extreme sensitivity of neuronal functions to protein misfolding and dysfunction, which is associated with neurodegenerative diseases and neurotoxic effects (Bucciantini et al. 2002; Lee et al. 2006) . Using the gene ontology (Ashburner et al. 2000) classification of gene functions, we also found that proteins with highest robustness are significantly more enriched in functions related to development, differentiation (Exact Binomial Test, P \ 10 -3 ), whereas proteins with lowest robustness are significantly more enriched in metabolic functions (Fig. 2c) . In sum, these analyses reveal differences between proteins whose ligand-binding amino acids differ most in their robustness, although they fall short of explaining the low robustness we observe for these amino acids in some proteins.
That functionally or structurally important amino acids or codons are subject to special constraints has been proposed by previous work and in contexts different from ours. First, Bartlett and colleagues provided evidence that catalytic sites harbor certain classes of amino acids. Specifically, charged amino acids are more often found in catalytic sites, whereas hydrophobic amino acids are more often found in the structure-stabilizing hydrophobic core (Bartlett et al. 2002) . Second, Pakula and Sauer (1989) showed that such sites are highly constrained in the substitutions they can tolerate. Third, Zhou and colleagues (2009) provided evidence in several eukaryotes and prokaryotes that some parts of proteins are more sensitive to misfolding, and show a more constrained codon usage, the phenomenon that different synonymous codons for the same amino acid are not used equally frequently in protein coding genes (Akashi 1994; Akashi and Eyre-Walker 1998; Comeron and Aguadé 1998; Duret 2002; Gouy and Gautier 1982; Ikemura 1981; 1985; Moriyama and Hartl 1993; Plotkin et al. 2004; Sharp et al. 1986; Sharp and Li 1987; Stoletzki and Eyre-Walker 2007) . In general, the strength of this bias varies within genes and becomes stronger at functionally important sites (Akashi 1994; Stoletzki and Eyre-Walker 2007) . In sum, our observations that robust codons are favored at ligand-binding amino acids are consistent with a broad range of related evidence.
Limitations of our analysis include the moderate number of 275 proteins we could study, as well as a small number of binding amino acids (18 on average) per protein, which renders rigorous statistical analysis of individual proteins infeasible. Despite these limitations, our joint analysis of multiple proteins showed a significant preference of robust codons in ligand-binding pockets of proteins, exactly where amino acid changes can have a highly detrimental effect on protein function.
Another limitation is that codon robustness alone-like accessible surface area and conservation-does not have much power to predict ligand binding sites. To predict such sites, more complex models incorporating multiple characterizing elements are necessary (see for example, Capra et al. 2009; Lichtarge and Sowa 2002; Wass et al. 2011) . Because codon robustness differs more than accessible surface area between ligand binding and non-binding amino acids, our approach can help improve such models and their predictive power.
Selection may have favored robust codons in ligandbinding amino acids because they are robust to mutation or to translation. Although mistranslation is not genetic change -it leaves the DNA encoding a mRNA unchanged-it does alter the encoded protein randomly (Drummond and Wilke 2009). Translational error rates in microbes have been estimated at 10 -3 -10 -4 per codon. This number is at least five orders of magnitude higher than typical mutation rates (Kramer et al. 2010; Kramer and Farabaugh 2007; Ogle and Ramakrishnan 2005) . At this error rate, 15 percent of protein molecules would contain at least one mistranslated amino acid. Translation errors can induce protein misfolding, aggregation, toxicity and cell death, which underlie a broad array of neurodegenerative diseases (Bucciantini et al. 2002; Lee et al. 2006) . Also, mistranslation at functionally important sites can disrupt protein function (Guo et al. 2004; Markiewicz et al. 1994) . For these reasons, we speculate that selection for error mitigation at the translational level is the prevalent driving force of high robustness in codons that encode ligandbinding amino acids. Why a minority of ligand-binding amino acids has especially low codon robustness remains an open question for future work.
